Purpose: To evaluate the performance of a computer-aided detection (CAD) system for detecting colonic polyps at noncathartic computed tomography colonography (CTC) in conjunction with an automated image-based colon cleansing algorithm. Methods: An automated colon cleansing algorithm was designed to detect and subtract taggedstool, accounting for heterogeneity and poor tagging, to be used in conjunction with a colon CAD system. The method is locally adaptive and combines intensity, shape, and texture analysis with probabilistic optimization. CTC data from cathartic-free bowel preparation were acquired for testing and training the parameters. Patients underwent various colonic preparations with barium or Gastroview in divided doses over 48 h before scanning. No laxatives were administered and no dietary modifications were required. Cases were selected from a polyp-enriched cohort and included scans in which at least 90% of the solid stool was visually estimated to be tagged and each colonic segment was distended in either the prone or supine view. The CAD system was run comparatively with and without the stool subtraction algorithm. Results: The dataset comprised 38 CTC scans from prone and/or supine scans of 19 patients containing 44 polyps larger than 10 mm (22 unique polyps, if matched between prone and supine scans). The results are robust on fine details around folds, thin-stool linings on the colonic wall, near polyps and in large fluid/stool pools. The sensitivity of the CAD system is 70.5% per polyp at a rate of 5.75 false positives/scan without using the stool subtraction module. This detection improved significantly (p ¼ 0.009) after automated colon cleansing on cathartic-free data to 86.4% true positive rate at 5.75 false positives/scan. Conclusions: An automated image-based colon cleansing algorithm designed to overcome the challenges of the noncathartic colon significantly improves the sensitivity of colon CAD by approximately 15%.
I. INTRODUCTION
With the advent of large screening programs for colon cancer, computed tomography colonography (CTC) has become a viable tool for the noninvasive detection of polyps and a complement or alternative to optical colonoscopy (OC). [1] [2] [3] CTC is widely recognized as a very sensitive and specific modality to identify colonic polyps. 4 While OC can provide better visual confirmation of colonic polyps, it has a few downsides compared to CTC, such as the inability to detect polyps hidden behind folds or stool, and the discomfort and risks of the colonoscope. In CTC, oral contrast agents containing iodine and barium are typically combined with a cathartic bowel preparation based on sodium phosphate to highlight the colonic fluid and increase the sensitivity of polyp detection. 5 In addition, stool can also be enhanced with tagging agents with partial cathartic cleansing 6 or even no use of laxative. 7, 8 Although studies have demonstrated that a large portion (72%) of the patients would prefer CTC instead of OC, 9 the poor patient acceptance of the bowel preparation remains common to both optical and typical cathartic virtual colonoscopy. 10 For better patient compliance, image-based colon cleansing performed on fecal-tagged CTC allows the laxative-free detection of colonic polyps. However, laxative-free CTC introduces many challenges and imaging artifacts, such as poorly and heterogeneously tagged stool 10 (tagged stool mixed with air or untagged stool), thin-stool sticking to the colonic walls, pseudo-enhancement of colonic tissue, 11 and partial volume effects. These artifacts contribute to the change in shape of the colonic structures and increase the number of false positives (FP) in detecting colonic polyps. The automated and reliable removal of tagged feces remains challenging due to high variability in contrast intake. We propose an automated algorithm to subtract stool, as an alternative to using laxatives, prior to the computer-aided detection of colonic polyps.
Computer-aided detection (CAD) systems must show sufficient versatility to produce robust analysis on a large variety of data. In the case of colonography, CAD systems have shown high sensitivity and specificity for the detection of colonic polyps. 3, [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] 35 It has been shown that the use of second-read CAD significantly improves polyp detection. 22 While CAD systems for colonography get increasing popularity and endorsement from the radiological community, they have not been designed to cope with the presence of stool, although labeling the stool with high contrast agents replaces the use of laxatives and reduces patient discomfort. In that direction, the subtraction of tagged colonic fluid after cathartic bowel preparation has been shown to benefit the detection and segmentation of polyps. 23, 24 The diagnosis using cathartic-free bowel preparation 7 has been a subject of high interest for the large scale acceptance of CTC investigations. Protocols without use of laxative and dietary restrictions are under investigation in clinical centers. [25] [26] [27] Recent studies showed that noncathartic-tagged CTC compares favorably with OC, with improved sensitivity when electronic stool subtraction is employed. 28 There has been limited work on image-based colon cleansing and mainly for the analysis of CTC data acquired after full cathartic bowel preparation. 10 In recent years, several studies have shown good performance on homogeneously tagged fluid or even stool. They include methods based on: region growing, 29 eigenvalues of the Hessian matrix, 30, 31 polynomial fitting, 32 material and material-transition models, 33 expectation maximization, 34, 36 and fuzzy connectedness and level sets. 37 Alternatively, adaptive density correction and mapping were successfully used in a CAD scheme to detect polyps in cases with reduced cathartic cleansing. 38, 39 Although the reported results are adequate for the removal of fully tagged stool, a major challenge remains the ability to subtract stool that is not homogeneously tagged, as seen in Fig. 1 , without leaving residuals that increase the FP polyp detections during diagnosis.
Similar techniques are employed by leading CTC commercial interpretation software and CAD products. Using fly through imaging of the reconstructed colon, these products allow mimicking OC. For this purpose, the tagged colonic fluid is removed prior to visualization, but heterogeneously tagged-stool hampers the detection of polyps.
Fewer publications addressed the cleansing of heterogeneously tagged stool as it appears in cathartic-free bowel preparation. In Refs. 40 and 41, shape analysis, mosaic decomposition, and level sets contributed to the removal of heterogeneous stool, but the added value for polyp detection was not shown. The use of dual-energy CT machines to detect tagged materials is another promising approach. 42 However, these types of data are sparse and uncommon in current clinical practice. Alternatively, in Ref. 43 level sets and minimum variance were employed to cleanse CTC data in a parametric and empirical method associated with the CAD of polyps. To our knowledge, the only other attempt to combine CAD and image-based colon cleansing from cathartic-free bowel prep was presented by Näppi et al. in Ref. 44 , based on their previous work. 39 Their stool removal was based on pseudo-enhancement correction and Bayesian virtual tagging, and the evaluation was performed on lesions larger than 6 mm. Despite these recent advances, the added value of automated colon cleansing for the detection of colonic polyps from CTC data remains to be proven.
We present an automated algorithm for the removal of stool with tagging variability from cases with various colonic preparations. The method is locally adaptive to adjust for inconsistent tagging and combines intensity, shape, and texture analysis with probabilistic optimization. The algorithm is evaluated on cleansing colonic polyps partially or fully covered by tagged stool. The detection of colonic polyps is significantly improved by removing FP candidates related to heterogeneous stool. To our knowledge, this paper presents the one of the first evaluations of a fully automated system for the laxative-free CTC computer-aided polyp detection.
II. MATERIALS AND METHODS

II.A. Data
Thirty-eight CTC data (19 patients with matched prone/ supine scans) from patients that underwent cathartic-free bowel preparation were acquired on LightSpeed Ultra and Pro:16 scanners (GE Healthcare). Patients underwent various colonic preparations with barium or Gastroview in divided doses over 48 h before scanning. No laxatives were administered and no dietary modifications required. Cases were selected from a polyp-enriched cohort and included scans in which at least 90% of the solid stool was visually estimated to be tagged and each colonic segment was distended in either the prone or supine view. Small untagged stool particles and unlabeled colonic fluid were present in the image data.
There were a total of 44 confirmed polyps (22 unique polyps) detected and marked by an experienced radiologist. All polyps selected in the dataset were 10 mm or larger; polyps smaller than 10 mm were not marked in the database and ignored for this study. The data were split in a random fashion into 18 training cases (9 patients/18 polyps) and 20 testing cases (10 patients/26 polyps). An outline of the stool subtraction method can be found in Fig. 2 .
II.B. Colon segmentation
The first step in our algorithm segments the colon by locating the colonic air and identifying the adjacent tissue and tagged materials. Colonic air is identified by thresholding at À 700 HU and eliminating the components which border the image in the transverse plane and superior position. The stool tagged regions are identified by thresholding at 250 HU and removing the spine and ribs via region growing from high intensity seeds automatically placed in a superior position. After joining the colonic air and tagged materials, a morphological dilation is performed to include any surrounding tissue. A median filter is applied to reduce noise while preserving edges.
II.C. Adaptive thresholding and single material classification
From the segmented colon, the algorithm utilizes image intensity, I, gradient magnitude, GM, and texture information to classify voxels into one material type: air, tissue, stool, or unclassified. In a previous approach, 32 material classes were detected via hard thresholds of I and GM found empirically from the image data. However, there is a large variability in appearance throughout the image data, or even in the CT of one patient, due to poor and heterogeneous tagging. This makes hard thresholds unreliable and irreproducible. Our method assumes that the intensity of air is constant across the data, and similarly the intensity of the well-tagged stool. However, a number of adaptive thresholds learn the values of parameters from the image data.
To account for local variability, we propose to compute thresholds in bounding boxes automatically defined around areas of tagged stool. Then, the thresholds are adaptively computed from the histogram analysis of each bounding box using the method in Ref. 45 , which allows separating the materials automatically based on their respective frequencies. Morphological opening was used to separate distinct regions of high intensity in the colon. The opening was performed as a sequence of one binary erosion and one dilation, in order to remove weakly connected components. The radius of the structuring element was about 2 mm and approximated by 3 pixels in the axial plane (x and y dimensions) and 2 pixels in the z direction to compensate for the image anisotropy. Then, each left connected component was enveloped in a rectangular box, and the histogram of the box was analyzed resulting in the adaptive intensity threshold (I o ) in Table I .
A typical example of material distributions is shown in Fig. 3 . A typical example of material distributions is shown in Fig. 3 . The high heterogeneity in the appearance of tagged stool makes the intensity-based distinction of classes challenging. We propose to discriminate the parts of heterogeneity (high texture or lack of uniformity), which in the colon correspond to tagged stool, using a texture operator. In this context, image texture refers to statistical information about the spatial arrangement of intensities in a region of the image.
To isolate heterogeneous stool with high texture, we locally compute Haralick's correlation (T), 46 which is a derivation of the 14 classic texture features proposed by Haralick and originally used to classify satellite imagery, and compare it to the maximum texture response, T max . T shows a strong response to both high texture and sharp contrast and is computed at every nonair voxel as follows, where g(i,j) is the element in cell i, j of a normalized gray level cooccurrence matrix (l t and r t are the mean and standard deviation of the row sums) FIG. 2. Methodology flow chart for the automated image-based colon cleansing. After the segmentation of the colon area, an initial labeling of the image into air, tissue, and stool is performed in the single material classification based on image intensity and texture features. Then, the quadratic regression models the transitions between materials and shape analysis corrects for the pseudo-enhancement of colonic folds. The probabilities of materials are updated during expectation maximization before subtracting the stool from the image. The steps of the algorithm are presented in detail below. Note: I is the image intensity, GM is the gradient magnitude, I o is the adaptive intensity threshold, and T is the texture (Haralick's correlation).
II.D. Quadratic regression
In order to address the material boundaries, a modified version of the quadratic regression (QR) algorithm published in Ref. 32 was applied. This allows comparing the distributions of I and GM to a set of parabolic curves defining the three two-material transitions: tissue-air, stool-tissue, and stool-air. Because the intensities for tissue and air are relatively constant in comparison to the variably tagged stool, the tissue-air parabola is unvarying. However, the stooltissue and stool-air parabolas are defined by a local stool maximum (S max ), which is computed across the image by minimizing the least-squares estimate of the stool-air parabola only (Fig. 4) . We found that computing separate local stool maxima for stool-air and stool-tissue was counterintuitive and produced unpredictable results. We also utilized a morphological distance transform to classify any stool-related voxel into thin-stool if its maximum distance to the nearest nonstool voxel was less than or equal to 2.5 mm. After classification, the partial probabilities of air, tissue, and stool were computed for each voxel based on intensity and S max . Note that the parameters of the quadratic regression are estimated adaptively in our application using the local bounding boxes. This allows our approach to account for the high variability in tagging and image appearance. The results of the quadratic regression offer the initial probabilities of the material transitions, which are updated as explained in the following sections.
II.E. Hessian shape analysis
To further address pseudo-enhancement, we studied local concavity by computing the Hessian matrix at every voxel. The polarity of the eigenvalues (k 1 ! k 2 ! k 3 ) of the Hessian matrix indicates local extrema, while particular combinations of the eigenvalue magnitudes can be used to discriminate various shapes. We followed the formulation set forth by Sato et al. 47 to identify dark sheets in order to enhance submerged folds. The Hessian response, S r , was computed as the maximum across scales to selectively enhance both thin and medium-sized folds
where a ¼ 0.25 to restrict the response from negative eigenvalues and c ¼ 1 to sharpen the response within a limited range. We adapt the equations from Ref. 47 for the enhancement of folds (thin layers of tissue) surrounded by bright tagged stool. Additionally, we introduce corrections for the pseudoenhancement of submerged folds to update the partial probability of tissue in these regions. These corrections allow retrieving tissue that was misclassified by the quadratic regression, as explained below. Pseudo-enhanced tissue was classified by applying a median filter to the histogram of S r and selecting voxels with responses higher than 30% of the maximum value. Because submerged folds represent local minima within stool, the partial tissue probability, pt h , was recalculated by comparing the intensity at a voxel, I, to the maximum local intensity, HS max , as follows:
II.F. Expectation maximization and subtraction
After the partial probabilities were computed, a Gaussian mixture model expectation maximization (EM) algorithm 48 was used. In addition to the image intensity distribution, we introduce neighborhood conditions to update the probabilities in the image data. 43 The 
where
EM is used to update and integrate the partial probabilities that result from quadratic regression and shape analysis. While the quadratic regression initiates the probabilities using empirical curves, the Hessian analysis improves the probabilities around submerged folds. EM integrates these observations with neighborhood constraints in a Bayesian framework.
Given the updated partial probabilities, a connected component was performed joining voxels with high probability of tissue under the knowledge that all tissue should be connected. The input intensity was then rescaled into the range [À1000, I original ] according to its probability of tissue, pt, value as follows:
Thus, tagged materials disconnected from the colonic wall were removed while identified stool with a low probability of tissue was set to the intensity of air. Gaussian smoothing of r ¼ 0.7 mm was performed at the edges of air to ease the transition of subtracted stool into tissue.
II.G. Colonic polyp CAD
For the automated detection of colonic polyps, the CAD system presented in Ref. 3 was used on the CTC database with and without colon cleansing. First, the colonic wall and lumen are segmented, and the tagged colonic fluid is removed. To identify polyps, the surface of the colon is analyzed and shape features are computed, and the candidates are segmented. Detections are classified using support vector machines to reduce the number of FP and a numeric score (a probability between 0 and 1) is generated for each polyp candidate to be a true or false detection. For more detail please refer to Ref. 42 .
The classifier was trained using the training data and the results are reported on the test set. When image-based cleansing was employed, both the training and test sets were from automatically cleansed cathartic-free data. The same was valid for the uncleansed results with training and testing performed on cathartic-free data without image-based cleansing. This way, we ensured that training and testing images exhibit similar characteristics around the colonic lesions and false positives.
In the current CAD system, a new tool was incorporated for scatter correction, which was not presented in Ref. 42 and was proven to benefit the detection of colonic polyps submerged in contrast agent. 11 The scatter component, I s , of image I is estimated via a convolution with a symmetric scatter function SF I s ¼ I SF;
where u and r SF are the scale-related parameters of SF computed adaptively from the object scale in the image. This allows SF to adapt and be spatially variant according to the density and distribution of the contrast agent in I. u is the normalized difference between the computed object scale at the particular voxel and the maximum possible object scale. Thus, it is used in the scatter function to delineate how much to adjust the intensity. u is used in both the x and y directions because object scale aims to find the largest hyperball, which is the same size in the x and y dimensions. Free-response receiver operating characteristic (FROC) curves are generated using the numeric score computed by the CAD system. FROC analysis, the standard method for evaluating CAD performance, shows graphically the range of the sensitivity of CAD (true positives fraction) for detecting colonic polyps versus the specificity or FP rate (number of false positives per scan) for different values of the classifier output. As noted above, the parameter of the classifier in our study is a numeric score computed by the SVM incorporated in the CAD system. The numeric score represents the probability of a detection to be a true polyp, as determined by training the SVM on data with similar characteristics to the test set. This parameter allows tuning the CAD system to reach a compromise between a higher sensitivity and a greater number of false positives.
FROC curves are generated from the CAD system with and without image-based colon cleansing. The significance between the two FROC curves is computed using the jackknife alternative free-response receiver operating characteristic (JAFROC) analysis. 49, 50 JAFROC is arguably one of the most reliable methods for the analysis of free-response CAD data in two or more modalities. The significance of intermodality differences is determined by jackknifing cases and analyzing the pseudo-value matrix with a mixed model analysis of variance. 49, 50 In this study, the significance (pvalue) was assessed using the software package provided.
51
For typical clinical use, an operating point on the FROC curve with fixed sensitivity and false-positive rate is determined at a reasonable compromise between the sensitivity and specificity of the CAD system. To avoid the arbitrariness of the operating point, it was chosen in the part where the compared FROC curves become approximately flat. Thus, the operating point does not reflect brisk changes in sensitivity as the specificity increases on either FROC curve. We report the sensitivity and specificity of the methods at this operating point in the FROC curves.
III. RESULTS
III.A. Automated colon cleansing
The intermediate results of the automated method for image-based colon cleansing can be found in Fig. 5 . After creating a mask of the colon and its surrounding tissue, the parameters of the materials in the image data are computed locally [ Fig. 5(c) ]. Areas of high texture are identified to avoid labeling poorly tagged stool as colonic tissue [ Fig.  5(d) ]. Then, single materials and mixed material (transitions and partial volume effects) are identified [ Fig. 5(f) ].
Shape analysis highlighted submerged colonic folds in Fig. 6 . The algorithm removed heterogeneous stool (Figs. 6-8) , thin-stool linings (Fig. 6) , and poorly tagged stool (Fig. 7) , while preserving polyps (Fig. 8) and colonic tissue. 
III.B. Colonic polyp CAD on cathartic-free data
The CAD system was run on CTC scans with and without the new technique for stool subtraction. A significant improvement was registered when the CAD was employed to detect polyps after the automated colon cleansing (p ¼ 0.009).
The comparative FROC curves are presented in Fig. 11 . As expected, the automatic detection of polyps is influenced by the presence of stool in the scans, as heterogeneous stool represents a prevailing source of FP. The sensitivity of colonic polyp detection increased after colon cleansing from 70.5% to 86.4% TP rate at 5.75 FP/scan.
IV. DISCUSSIONS
We presented a method to automatically subtract tagged stool from cathartic-free CT data to aid in the detection of colorectal polyps. The automated image-based colon cleansing algorithm was particularly designed to address the challenges of local variability in tagging, such as poor tagging or lack of enhancement, pseudo-enhancement of submerged colonic tissue, and the heterogeneity of stool enhancement. The results are robust on fine details around folds, thin-stool linings on the colonic wall, near polyps and in large fluid pools.
The method adaptively adjusts to tagging conditions, variable interpatient data and local intrapatient variability. Moreover, the algorithm is robust to different bowel preparation techniques, as emphasized in the description of our dataset.
The colon cleansing technique employed local adaptive analysis of the image combined with shape and texture analysis to identify the materials in the data: air, tissue, and stool. The local computation of parameters avoided hard thresholds that are sensitive to variable bowel preparations and local tagging. Texture identified areas of heterogeneous stool to avoid mislabeling untagged stool as tissue and bias the computation of local histograms. After quadratic regression, shape analysis recognized thin folds that were submerged by tagged material to prevent their erroneous removal due to pseudo-enhancement and partial volume effect. Finally, a maximum a posteriori probability scheme was employed with intensity and neighborhood terms to reduce the effect of noise and discontinuities in the regions of mixed materials.
The scatter correction module in the CAD system generally corrected for areas of scatter and pseudo-enhancement in the images, but struggled with thin submerged folds and regions of enhanced heterogeneity in the tagged stool, where well-tagged, poorly tagged, and untagged stool mixed with air bubbles. We noted that on occasions, the scatter correction increased local heterogeneity in stool. To address these challenges, we used texture and shape analysis, as summarized above.
Hessian shape analysis was used in the past in colonic image-based analysis 30, 41 where rut and cuplike structures were emphasized. We found no advantage in using our own implementation of the algorithm in Ref. 30 over a more traditional and intuitive identification of sheetlike structures that we adapted from Ref. 47 . Additionally, our database consisted of colonic lesions larger than 10 mm and often with irregular shapes that did not benefit from enhancing cuplike structures. Instead, we used texture analysis to help distinguish badly tagged stool from colonic tissue and maximum a posteriori probabilities to correct areas of transition between materials.
To our knowledge, only three previous approaches have successfully removed heterogeneous stool from cathartic-free CTC data. The first one (Ref. 41 ) was discussed briefly above. A second approach used dual-energy CT, 42 an unusual type of CTC data in clinical practice. The third is our previous approach to remove heterogeneous stool 43 that suffered from heavy parameterization and was based on minimum variance and curved level sets. With our current approach, we compute image parameters adaptively and involve shape and texture analysis to avoid common pitfalls in image-based colon cleansing. Importantly, the only attempt to automatically detect colonic polyps from cathartic-free CTC was presented in our previous publication, 43 though it struggled with reproducibility.
The CAD system detected colonic polyps with adequate accuracy on data with cathartic-free bowel preparation without employing the colon cleansing algorithm. However, the performance of the CAD system improved significantly after the cleansing module was applied. Employing the proposed technique in conjunction with CAD, the manuscript presents one of the first evaluations of a fully implemented automated system for the laxative-free CTC computer-aided polyp detection.
The runtime for our cleansing algorithm averages 5 min per case on a Dual-Core IntelV R XeonV R processor (Intel, Santa Clara, CA) with 3.0 GHz and 8 GB RAM, while the CAD system approaches 15 min per case. We noticed, however, that the CAD system runtime decreased to roughly 10 min per case after colon cleansing due to the substantial decrease in false detections. The implementation used VISUAL Cþþ 8.0 (Microsoft, Redmond, WA) and ITK 3.20 (National Library of Medicine, Bethesda, MD).
A current limitation of the method is the inability to cleanse correctly occasional areas of mixed tagging, as depicted in Fig. 12 . In the case shown in Fig. 12 , the untagged stool resembles submerged folds both in shape and appearance and is directly attached to the colonic wall. The size and shape of poorly tagged and/or untagged stool particles likely confuses the texture and probability analysis. Small holes can be created in thin folds after cleansing due to pseudoenhancement, but these artifacts do not resemble polyps in shape. Another reason for erroneous results may be the variable tagging procedures used in the data in our study, a shortcoming that is due to be fixed with the rapid advancement of tagging materials. In the future, we hope to reduce tagging variability by utilizing a single improved type of bowel preparation.
The study lacked ground truth and analysis of polyps of 6-9 mm. Our images are from an anonymized dataset of patients acquired for a primary project focused on improving the laxative-free bowel preparation for detecting larger lesions. Further work will be required to show acceptable results for the clinically important 6-9 mm polyps, which was not possible in the current study. Instead, the results for 10 mm and larger polyps are comparable to systems in current clinical use. 22 To summarize, the automated image-based colon cleansing technique significantly improved the computer-aided detection of colonic polyps from laxative-free CTC data. A system that allows the robust and accurate detection of colonic polyps from laxative-free CTC has the potential to increase the patient's comfort and compliance with colon cancer screening protocols. Author to whom correspondence should be addressed. Electronic mail: mglinguraru@gmail.com
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